Introduction
The Poverty Reduction Strategy (PRS) of the Government of Rwanda, published in 2002, identifies rural development and agricultural transformation as the top priority (out of six) for promoting private sector-led development in that country 1 . This high focus on the rural economy is justified by the fact that agriculture contributes at least 40 percent of GDP and provides a livelihood for about 90 percent of the population.
Therefore, growth in the agriculture is key to reducing the poverty rate of 60 percent of the population, based on a poverty line of 64, 000 RWF (about US $140) per person per year 2 .
Agriculture also contributes significantly to Rwanda's trade with the rest of the world. In 2005, agricultural products accounted for just over 60percent of total exports in goods. Tea and coffee, the main cash crops, accounts for about 56 percent of these exports, and more than half of Rwanda's export revenue. Over the past 5 years, tea has remained, on average, the second major export crop (after coffee), although tea exports in some years (notably 2000 and 2001) have exceeded coffee exports. The sector is the largest employer in the country and directly generates close to 60,000 jobs.
Despite the growth in the sector following the genocide, several key problems limit the potential for this sector to generate foreign exchange and to contribute toward increased welfare of the population. The key problems constraining potential in the sector include: (i) agronomic conditions related to the location of factories and the quality and type of surrounding soil; (ii) low capacity of factories related to years of inadequate investment; (iii) differences in fertilizer application. With regard to the latter point, there have been reports that managers of the government owned factories apply less than optimum levels of fertilizer in order to ensure that production levels do not surpass the capacity of the tea processing factories. These problems have resulted in poor outcomes for the sector that are manifested in low producer prices, and low average yields. Based on these poor indicators, and the inefficiency of the government owned factories and plantations, the Government of Rwanda initiated a reform program based on privatization of the tea factories, to stimulate investment in the sector. Thus, in 1999, the government launched a phased privatization process that ensures a significant stake for tea growers and other local investors while attracting foreign investment as well.
The purpose of this paper is to provide a quantitative assessment of the likely impact of the privatization of tea estates in Rwanda, based on data from the 2004
Quantitative Baseline Survey of the Tea sector (QBST) 3 . The analysis is intended to serve as an input to the ongoing reform process.
The outline of the rest of the paper is as follows. Section 2 presents an overview of the tea sector and main issues. Section 3 presents our evaluation framework. Methods of impact evaluation are interpreted as ways of dealing with heterogeneity that may confound impact assessment. Such heterogeneity stems from observable and nonobservable individual characteristics. Section 4 offers a discussion of the empirical results. It starts with a description of the underlying data. Then, it focuses on comparing outcomes among tea households. Finally, we compare living standards between these households and those not directly involved in the tea sector. Concluding remarks are made in section 5.
Overview of the Tea Sector
Tea is one of the two main export crops in Rwanda and has tremendous potential as a source of foreign exchange as well as a means of poverty reduction. It is grown on roughly 11,500 hectares of land on hills or drained marsh areas, which accounts for roughly 1 percent of the country's cropped area. Tea in Rwanda is mainly cultivated by small farmers, on a total surface area, per farm household that is less than 0.25 hectares.
It is one of the few labor intensive crops that provide regular cash income to farmers, and employment opportunities to the general rural population. Until the onset of civil war and genocide of 1994, tea production had increased steadily.
Also known as Enquête Quantitative de Base auprès des ménages des zones Théicoles (EQBT)
Tea production is organized around 11 estates distributed among 5 provinces 4 mostly in the western part of the country. An estate is a tea producing unit including a factory, a plantation (also known as Bloc Industriel), private tea plots and an associated forest to provide fuel wood to the factory for tea processing. Not all estates have all these components, for instance some own no plantations (World Bank 2003, p.34) . The green leaves processed by a factory are supplied by the estate's plantation (if any) and independent tea growers working on individual plots with an average size of 0.25 ha.
There are about 27,000 such independent growers owning nearly 70 percent of the total area under tea cultivation.
All growers belong to some organization either a cooperative when land is collectively owned, or an association based on private ownership of plots, or thé villageois, which refer to the thousands of small-holder producers engaged in green tea leaf production, and who do not form part of an association that supplies green leaf tea to the tea factories. There are only three cooperatives operating at Gisakura, Mulindi and Shagasha. Members of these cooperatives are paid a daily wage while growers who belong to an association earn an income directly from the parcel of tea they own (there are 13 growers' associations). In general, growers' organizations play a key management role in the process. They distribute fertilizer, collect and deliver tea leaves to the factory, pay the pluckers 5 and the growers themselves, and redistribute surplus earnings to members. It is estimated that a grower receives about 27 percent of the going price of a kilogram of leaves (12 out of 45 RWF). Besides pluckers, growers also employ unskilled workers or laborers for day-to-day maintenance tasks such as weeding and drainage.
They are employed on a daily basis and earn on average 250 RWF per day (about 50 US cents 7 . Also, yields for the independent growers associated with the private estate, SORWATHE, are believed to be twice as high as the average from public estates.
These observations provide a working hypothesis for our analysis, namely that outcomes are expected to be better in the private sector than in the public sector.
Accounting for Heterogeneity in Sectoral Outcome Comparison
To make meaningful comparisons of outcomes across sectors, we frame the analysis within the logic of causal inference. Indeed, the effect of a cause can be understood only in relation to another cause (Holland 1986 ). This idea is akin to that of assessing the return to a resource engaged in one activity relative to its opportunity cost, using standard methods of non-experimental impact analysis, in a way that allows us to attribute the net outcome to participation in the private sector.
The methodological issue we face here is to find a way of assessing the payoff from participation in a social arrangement. For instance, if we observe that yields are higher for tea growers in the private than in the public sector, to conclude that participation in the private sector is better than in the public sector our method of comparison must control for any other factor (besides participation in the private sector)
that can influence the outcome of interest. The logic of causal inference requires a model that explains both the process that sorts individuals between the two states of nature (participation versus nonparticipation) and the conditional outcomes. This section reviews the standard non-experimental methods that we use in this study, namely matching methods and regression analysis. We start the discussion with a benchmark case where agents are assumed homogenous with respect to all other dimensions besides participation.
The Benchmark Case of Unit Homogeneity
In general, the unit of analysis could be an individual, a household, a village, or a broader community such as a district or a province. Let the variable y stand for the outcome of interest (e.g. yield, cost of production or expenditure per capita). The effect of participation (akin to that of exposure to an intervention) on unit i, (call it g i ) is measured relative to nonparticipation (non-exposure) on the basis of the outcome variable. Formally, we write ) (
, where y 1i is the observed outcome under participation and y 0i is the counterfactual. It is impossible to observe the value of the response variable for the same individual under two mutually exclusive states of nature (exposure and non-exposure). This is why evaluation methods are considered as ways of dealing with this missing data problem. If the intervention is limited to a subset of the population as is the case here, many of the methods suggest turning to non-exposed units (non-participants) in search of the missing information. They also specify circumstances under which the use of such information yields reliable estimates of the relevant effect.
case where the effect on individual i could be reliably estimated. An individual response is a function of participation, observable and unobservable characteristics. Suppose we can find among non-participants an individual j with the same pre-exposure (observable and non-observable) attributes as participant i. Thus, under unit homogeneity, the outcome of this non-participant is a proxy for what would have happened to i had she not received the intervention. Hence, the effect of the intervention on i can be estimated as:
The assumption of unit homogeneity is thus analogous to the ceteris paribus assumption used in scientific enquiry. The assumption serves as a benchmark case against which to assess the implications of heterogeneity. In non-exposure state, one would generally expect response heterogeneity for participants and non-participants, particularly when eligible candidates are given the choice to participate or not 8 . Such heterogeneity can confound impact assessment, leading to biased results. We now review briefly matching and regression methods of controlling for heterogeneity.
Matching Methods
If the mechanism that sorts individuals among sectors (i.e. states of nature) is based exclusively on observable characteristics 9 , then the counterfactual outcome for participant i would be equal to the outcome of nonparticipant j with the same observables. Exact matches are usually difficult to find, thus we may tolerate some deviation from sameness and consider nonparticipants who are almost like the participant under consideration (a sort of second best solution). Let z stand for the set of observable characteristics of participant i. We can think of a tolerance criterion as a cut-off distance defining a neighborhood of z in the space of attributes such that any nonparticipant j with a set of attributes in that neighborhood qualifies as a look-alike for i.
In practice matching may become more and more difficult, the larger the set of observable characteristics underpinning the matching exercise. Rosenbaum and Rubin (1983) show that the dimensionality of the problem can be significantly reduced by matching on the propensity score 10 . The feasibility of this approach requires an overlap between the distribution scores of participants and that of nonparticipants. The fuller the overlap, the easier it is to find matches. This is why, in practice, matching is usually restricted to the region of common support.
Expression (3.1) reveals that the counterfactual outcome for participant i is computed as a locally weighted average or a moving average of relevant outcomes in the comparison group. One can think of this procedure as sliding a window of a given width across the space of scores of nonparticipants and taking the average of the outcome variable for all observations in the window. Furthermore, it is well known that the mean of a variable can also be computed by running a regression of the variable on a constant.
In other terms, the locally weighted average estimator of the counterfactual outcome for participants i is also a locally weighted regression. A semi-parametric extension of this idea is based on the following considerations.
Assume that the outcome of nonparticipant j is a separable function of observables as summarized by the propensity score p j , and unobservable characteristics represented by the random disturbance, u j . Thus we write:
If the expected value of the random disturbance is zero, then Taylor's expansion allows us to write the expected outcome near p i (the score of participant i) as follows.
Locally weighted regression minimizes the following weighted sum of squares.
Hence, the outcome participant i would have achieved had she not participated in the arrangement is equal to:
Note that the estimate varies with location (i.e. p i ). This process must be repeated for each participant 11 .
As far as the choice of weights is concerned, one can follow the nearest-neighbor approach or use a kernel function. For each participant i, the nearest-neighbor method searches for the nonparticipant j with the closest propensity score to i. This nonparticipant gets a weight of 1 and all others get a weight of zero. When there are many candidates, the method assigns equal weight to each and zero to nonparticipants 11 Smith and Todd (2005) explain that matching by local linear regression is helpful in situations where the distribution of observations from the comparison group around a given participant is asymmetrical as in the case where there are gaps in the distribution of propensity scores.
outside the neighborhood c(p i ). The weights associated with a kernel function are defined as follows.
where h stands for the tolerance level (also known as bandwidth), and the set {d=0}
represents the comparison group. Our analysis is based on the Gaussian kernel 12 .
Individual gains from participation can now be written as:
These are the basic ingredients for the computation of an impact indicator. The most commonly used indicator is the mean gain from participation 13 . It is equal to:
Where T stands for the set of participants (i.e. the treated), and ω i can be interpreted more broadly as the evaluative weight assigned to participant i. In standard applications, ω i is taken to be the sampling weight associated with observation i. To look beyond this average impact one can plot g i or the ratio of the observed outcome (y i ) to the counterfactual ( ) as a function of q, the cumulative distribution of the participants ranked in increasing order of some variable (e.g. the counterfactual outcome). 
Regression Analysis
Regression analysis can also be used to control for heterogeneity. Let . This is equivalent to the following general expression. If, in addition we assume that β(x i ) is linear in parameters, then we get the familiar expression of the common effect model. Estimating separate outcome equations also allows us to compute individual gains from participation as follows (Maddala 1983 ). 
Estimates of Potential Impacts
In this section we estimate the potential impact of the privatization of tea estates in Rwanda. The outcomes of interest are determined on the basis of policy concerns. A fundamental expectation of the stakeholders is the privatization process will eventually lead to improved productivity and living standards for those engaged in the sector. We proceed in three steps. First we give a brief description of the sample we use in estimation. Then we focus our attention to productivity issues by considering only tea-15 One can also resort to the instrumental variable (IV) approach to deal with unobserved heterogeneity. This method relies on an exclusion restriction that assumes that there is at least one variable that determines participation but does not affect outcomes. This instrument can then substitute for d i in equation (2.9) to restore some sort of conditional independence. Subsequent application of OLS would produce a consistent estimate of average impact. In general, one can turn to geography, politics or discontinuities created by program design in search of suitable instrumental variables (Ravallion 2005) .
growing households, and comparing yield and cost elements between the private and public sector. Finally, we use the full sample to compare economic welfare between households engaged in the sector and those who are not. Our analysis is based on the comparison of outcomes for the tea households supported by SORWATHE with those obtained by households dealing with the public sector. The quality of the conclusions stemming from this comparison hinges on the extent to which both groups are homogenous. Table 1 shows average values for nine observable characteristics of tea households. It is evident that these two groups differ significantly along those dimensions. For instance, the average age for SORWATHE households is 52 versus 47 years for households of the public sector. Average land holding is higher in the public sector (31 Ares 17 ) than in the private sector (about 18).
Data
The data also reveal that about 16 percent of the households in the private sector own a bicycle versus 6 percent in the public sector. About 42 percent of the households in the private sector are less than 30 minutes from a water source compared to 28 percent in the public sector, similarly for the distance from a road. Per capita expenditure for the comparison group is about 45 percent higher than the average expenditure for the private sector households. The above noted heterogeneity constraints our ability to find in the comparison group, households similar to those associated with SORWATHE. As it can be seen in table 2, the characteristics for which the two groups differ the most tend to have significant coefficients in the logit aggregation function we use to match households on observables. The extent of this heterogeneity is also reveals the histograms of propensity scores presented in figure 1. It can be seen that the two histograms overlap most at lower levels of the propensity scores. Given this situation, we impose a much tighter level of tolerance in matching. For kernel matching we set the bandwidth at 0.01.
The Returns to Participation in the Private Sector
Given the current organization of tea production in Rwanda, do tea households operating within the SORWATHE system have better outcomes than the rest? To answer this question, we consider outcome differentials between the private and public sector along five dimensions. The first two, yield per hectare and time taken to carry leaves to the collection point are indicators of productivity. The yield is measured in kilograms (KG) of green tea per hectare while the time is measured in minutes. The other tree dimensions are related to the cost of production. They measure the use of fertilizer in KG per hectare, the cost of fertilizer in RWF per KG, and the cost of extension services per Are. Table 3 shows a comparison of mean outcomes between the private and public sector. This comparison does account for the heterogeneity among households. The above results suggest that outcomes in the private sector are potentially better in the private sector than in the public sector. On average, private sector households have higher yield than public sector ones. They also take less time to carry leaves to the collection point, use less fertilizer and pay less for it than the comparison group. Private sector households pay more for extension services than public sector ones. To what extent do these conclusions stand up to normalization on observables? Table 4 presents normalized impact estimates based on propensity score matching. Given that estimates depend crucially on the choice of weights, we compute the estimates using five different kernel functions 18 . All five kernel functions lead to results that are very close to each other. Except for the cost of fertilizer, the normalized estimates confirm the qualitative conclusions derived from the naïve outcome comparison. The normalized comparison reveals the tea growers associated with the private sector do pay slightly more for fertilizer than those in the public sector. They certainly have much higher yield per ha than the public sector households. In fact the normalized impact estimated for yield is roughly twice the naïve one. Yet, the better performing tea growers also use less fertilizer than the comparison group. This result suggests the possibility of inefficiencies in public extension services. It also suggests that the little extra cost for those services that the private sector households are paying per are may be worth it. Finally, it is likely that private sector growers produce better quality leaves given that they take about 12 minutes less than the comparators to carry leaves to the collection point. We now consider the gender dimension of some of these results. In general, male-headed households outperform female-headed households along all dimensions considered here, (note that the comparison is between females or males in the private sector and their nearest neighbors, regardless of whether male or female). We report only the most striking differences. Table 5 and table 6 show differences in yields and with respect to the use of fertilizer between male and female-headed households. It appears that men have yields that are much higher than women's. Yet, the former also use significantly less fertilizer than the latter. Could there be a gender bias in the private sector's extension services? 
Looking Beyond the Tea Sector
Up to now, we have focused our attention on tea households, comparing outcomes for those engaged in the private sector with outcomes observed in the public sector. The development of the tea sector is a key element of the agricultural policy in support of the poverty reduction strategy in Rwanda. A recent analysis of the 2001 household survey by Dabalen et al. (2004) reveals that agriculture remains the principal source of earnings for the poor and that non-poor households are more likely than poor households to have earnings from non-farm activities. In this perspective, we analyze the available data to determine whether, other things being equal, tea households are better off than households who earn their living mostly from non-tea activities. We proceed in a manner that is entirely analogous to the way we compared outcomes within the tea sector. We use a set of observable characteristics to attenuate some of the bias due to such characteristics. Table 7 presents some average characteristics for 986 tea households and 1053 non-tea households. The most striking difference between these two groups relates to land ownership. Average landholding among tea households is more than a thousand times the average for non tea households. As one would expect, land ownership is a key determinant of participation in the tea sector. This fact is confirmed by the estimation results of a logit model of participation presented in table 8. In this model, land ownership has a very high level of statistical significance. Beyond land ownership, these results also indicate that gender (i.e being male) and years of education have a significant and positive impact on the likelihood that a household is engaged in the tea sector. We base our answer to this question on several types of comparisons. Table 9 presents results from a naïve welfare comparison based on both per capita expenditure and per capita income. As noted earlier this type of comparison does not account for any heterogeneity between the two groups. The results suggest that, in tea cultivating regions of Rwanda, average welfare is higher for tea households than for non-tea households. Next we use the regression methods described above in order to account for both observable and non-observable heterogeneity. In the case of the Heckman method, the selectivity correction factor turned out not to be statistically significant. This gave us comfort in our use of the propensity score matching method. The corresponding results are presented in table 10. These reveal that when likes are compared with likes, the welfare advantage that tea households have over the non-tea households is much higher than what the naïve comparison would suggest. Indeed, regardless of the kernel function used among the ones reported in table 10, average per capita expenditure for tea households is more than the average for non-tea households by about 7,000 RWF As a last test for the robustness of our conclusion, we use a two-stage procedure explained by Wooldridge (2002) . First estimate the participation equation as a nonlinear binary response model using the probit or logit model, just as in the first stage of propensity score matching Then use the estimated propensity score as an instrument for the participation indicator in the outcome equation and run OLS to estimate average impact. The results of this procedure applied to per capita expenditure are presented in table 11. They show that average difference in welfare between the two groups is statistically significant and equal about 3,643 RWF in favor of tea households. 
Concluding Remarks
As one of the two main export crops in Rwanda, tea is a significant source of foreign exchange and potentially an important means of poverty reduction. It is in fact one of the few labor intensive crops that provide regular cash income to farmers and employment opportunities to some of the rural population. The Poverty Reduction Strategy of the Government of Rwanda seeks to unlock this potential by reforming its agricultural policy in general while focusing particularly on the key factors that constraint growth in the tea sector. An important component of this program of reforms involves the privatization of tea factories. This paper uses data from the 2004 Quantitative Baseline Survey of the Tea sector to assess the potential impact of privatization of tea estates. The analysis is framed within the logic of causal inference. This entails a normalized comparison of outcomes to account for household heterogeneity in terms of observable and non-observable determinants of the outcomes of interest. These outcomes relate to productivity. Three main findings emerge from this comparison. Productivity outcomes such as yield, time taken to carry leaves to the collection point, and fertilizer use are generally better in the private sector than in the public sector. Also, male-headed households out perform female-headed households along all dimensions consider here. Finally, in a welfare comparison between the tea and non-tea sectors, the former tend to be better off than the latter.
